many parts of the economy, the health care sector in recent years has experienced rapid technological change. New drugs have been introduced that can radically alter the style of treatment available for many common and rare conditions. New surgical and medical techniques have been developed and put into widespread use. Consequently, the treatment of many conditions has moved away from inpatient settings to outpatient settings or prescription drugs.
The nature of demand for health care services provides opportunities for measurement that are not applicable in most other sectors. Following Grossman (1972) , physician visits, prescription drugs, and overnight stays in hospitals are not viewed as direct arguments in a consumer's utility function. The demand for health care services is a derived demand generated from an underlying demand for health, not health care. Health can be produced through preventive services in advance of illness or with curative services in the event of illness. By examining episodes of care for carefully selected illnesses, a number of authors (e.g., Berndt et al. 2002; Cutler, McClellan, and Newhouse 1998, 1999) have successfully examined the changing price of treatment for specifi c illnesses, such as depression and acute myocardial infarction. These studies look at the types of treatments patients receive to help them recover from illness. The ultimate demand is for recovery. As the technology available to health care providers improves, the inputs used in an episode of care will change. By measuring the total cost of the restructured episode, these authors were able to track the price of care.
Based largely on this evidence, a Committee on National Statistics (CNSTAT) panel recommended that the BLS develop an experimental version of the MCPI that derives prices for the total treatment costs of randomly sampled diagnoses. 1 Additionally, CNSTAT suggested that instead of collecting price quotes directly from providers, the MCPI could use the reimbursement information on retrospective claims databases. Pricing based on diseases and treatment episodes allows for medical care substitution across medical inputs in the treatment of patients. Because it does not rely on subjective response, claims-based pricing also eliminates respondent burden and may have the advantages of larger sample size and greater data validity.
This study uses medical insurance claims data to investigate both issues: (a) obtaining real prices for representative medical treatments to examine the impact of third-party reimbursement on measured trends in health care inputs of prescription drugs, physician services, and hospital services; and (b) capturing the substitution effects of health care inputs on the trend in medical care prices captured by episodes of care for some randomly selected conditions.
In section 8.2, we describe the data that are employed. Section 8.3 focuses on the replication analysis of the current BLS methodology. Section 8.4 provides the analysis of episodes of care, and the results are summarized thirty-eight urban areas. The indexes in the fi rst stage are then used to generate an all-items-all-cities index. The overall medical CPI is an expenditure weighted average of such item indexes. Although the medical CPI includes eight of the 211 item categories-including, for example, dental services, nonprescription drugs, and medical supplies-this study only constructed price indexes for prescription drugs, physician services, and hospital services.
The initial BLS sample at the item-area level is implemented with two surveys. The fi rst is a telephone point-of-purchase survey (TPOPS), where randomly selected households are asked where they purchase their medical goods and services and how much they spend at each outlet. In the second survey, the results of TPOPS are used to select outlets where the probability of selection for a particular outlet is proportional to its expenditure share in TPOPS.
Once an outlet is drawn, the BLS fi eld representative goes to the outlet to select either a good or a service that falls within a certain item category. There is a detailed checklist of important characteristics of the item. The fi eld representative determines the expenditure share for each characteristic, and the probability that an item is drawn is proportional to the expenditure share of its characteristics within the outlet. For pharmaceuticals, a key characteristic is the National Drug Code (NDC); for physicians, it is the Current Procedure Terminology (CPT) code; and for hospitals, it is based on the Diagnosis Related Group (DRG).
Once the outlets and items are selected, they stay in the BLS sample for four years. 2 The implicit assumption of this fi xed sample is that the inputs used to treat each specifi c disease are constant. As Cutler, McClellan, and Newhouse (1998, 1999) and Shapiro and Wilcox (1996) argued, if less expensive inputs are substituted for more expensive ones, this will not be refl ected as a decrease in the BLS price index.
On a monthly or bimonthly basis, the BLS reprices the items in its sample. 3 For all medical items except pharmaceuticals, the BLS generates an arithmetic mean (Laspeyres-type) price index in each area. For pharmaceuticals, a geometric mean index is computed. The Laspeyres formula is then used to aggregate the area indexes to the national level.
No claims database contains the information needed to precisely mimic these procedures. Appendix A provides the eleven detailed steps we took to create analytic fi les that would provide as much of the information just described as possible. All outlets and items were selected using probability in proportion to size with replacement, the same method that the BLS uses to collect its samples.
2. Beginning in 2001, the BLS began reselecting prescription drugs within its outlet sample at two-year intervals-that is, midway between outlet resamplings.
3. Most areas have on-cycle and off-cycle months. For some areas, the on-cycle months are the even ones, and for others, they are the odd ones. Repricing is only done in the on-cycle months, and the price index represents the price change over a two-month period.
We developed two sets of input-based indexes. One is based on the same sample sizes as those of the BLS MCPI, 4 and the other is based on much larger sample sizes (ten times as large as the BLS sample sizes wherever possible). We used the small-sample index to investigate if the price distribution was statistically different between the claims database and the BLS sample. The large-sample index was intended to examine whether the sample sizes had a signifi cant impact on indexes. 5
Episode-Based Price Indexes
A number of studies previously cited have studied the changing cost of treating specifi c illnesses by examining episodes of care for those illnesses and how the cost of a treatment episode changed over time. Based on that literature, the CNSTAT recommended a study of a generalization of this approach (Schultze and Mackie 2002, 6-9) :
BLS should select between 15-40 diagnoses from the ICD (International Classifi cation of Diseases), chosen randomly in proportion to their direct medical treatment expenditures and use information from retrospective claims databases to identify and quantify the inputs used in their treatment and to estimate their cost. On a monthly basis, the BLS could re-price the current set of specifi c items (e.g., anesthesia, surgery, and medications), keeping quantity weights temporarily fi xed. Then, at appropriate intervals, perhaps every year or two, the BLS should reconstruct the medical price index by pricing the treatment episodes of the 15 to 40 diagnoses-including the effects of changed inputs on the overall cost of those treatments. The frequency with which these diagnosis adjustments should be made will depend in part on the cost to BLS of doing so. The resulting MCPI price indexes should initially be published on an experimental basis. The panel also recommends that the BLS appoint a study group to consider, among other things, the possibility that the index will "jump" at the linkage points and whether a prospective smoothing technique should be used.
Description of Medstat Episode Grouper
In order to implement the committee's recommendation with the data available for this study, we used the Medstat Episode Grouper (MEG) to transform a stream of claims data into episodes of care for the full range 4. The BLS sample sizes are:
City
Drug Physician  Hospital   Philadelphia  34  32  31  Boston  42  27  46  New York City  41  35  59 5. McClelland and Reinsdorf (1999) found that the small sample bias of the geometric means index was larger than that of the seasoned index. of conditions covered by the ICD system. The MEG is predicated on the Disease Staging patient classifi cation system, developed initially for the Healthcare Cost and Utilization Project. The MEG uses sophisticated logic to create clinically relevant, severity-rated, and disease-specifi c groupings of claims. There are 593 episode groups. Episodes can be of several types:
• Acute Condition type includes episodes of care of acute conditions, which are generally reversible, such as an episode of sinusitis or otitis media.
• Chronic Maintenance episodes refer to episodes of routine care and management for a chronic, typically nonreversible condition or lifelong illness, such as diabetes mellitus episodes. All cancers are considered chronic.
• Acute Flare-Up type includes episodes of acute, generally reversible, and ideally preventable exacerbations of chronic conditions-such as an episode of diabetes with gangrene.
• Well Care type includes administrative and preventative care provided to a patient for ongoing health maintenance and wellness.
For the acute conditions and fl are-ups identifi ed in the claims, we defi ne clean periods that mark the beginning or end of an episode of care. For chronic maintenance episodes, the fi rst occurrence of the diagnosis can open an episode, and the calendar year is used to defi ne endpoints. Figure 8 .1 illustrates how a stream of claims can be transformed into three episodes of care for a fi fty-fi ve-year-old male patient. In this example, episodes of care occur for two conditions: acute prostatitis and a herniated disc.
An episode for the care of the herniated disc (Episode 1) begins with an office visit on January 10. It includes all services related to an identifi ed health problem of low back pain, including diagnostic imaging and a hospitalization. The episode ends with a follow-up physician office visit on May 8.
The treatment of acute prostatitis is divided into two episodes (Episodes 2 and 3). First, the patient is seen in his physician's office for acute prostatitis on February 4. The length of time between the February 4 visit and the May 18 visit is sufficiently long enough to begin a new episode, rather than continue the fi rst episode. Consequently, a second episode (Episode 3) is initiated with the office visit for acute prostatitis on May 18. A complication of prostatitis, pyelonephritis, occurs within a short time, so the June 1 visit is a continuation of the second prostatitis episode.
This example also illustrates the difference between complications and comorbidities. A disease complication arises from the progression of an underlying disease. For example, pyelonephritis is a complication of acute prostatitis and is therefore a part of the episode for acute prostatitis. Disease comorbidities are diseases that are concurrent but not related to one another.
For instance, the acute prostatitis and the herniated disc are comorbidities unrelated to one another. Therefore, separate disease episodes are created for the two comorbidities.
An episode of care is initiated with a contact with the health delivery system. In a claims-based methodology, the beginning of an episode is the fi rst claim received for an episode grouping. The MEG methodology allows physician office visits and hospitalizations to open or extend patient episodes. As the coding of claims for laboratory tests and x-rays are not always reliable, these services can join existing episodes but cannot open an episode. Frequently in the practice of medicine, a physician will order a test prior to seeing a patient. To recognize this, a look-back mechanism has been incorporated in MEG. When a lab or x-ray service is encountered that occurred prior to the date of the claim that established an episode, MEG checks to see if an episode with the same episode group number has been opened within fi fteen days following the test. If so, the lab or x-ray will be added to the episode.
An episode ends when the course of treatment is completed. Because the end of an episode is not designated on a claim, the clean period decision rule has been employed to establish the end date. Clean periods represent the period of time for a patient to recover from a disease or condition. If a subsequent visit for a disease occurs within the clean period, then it is assumed to be a part of the episode containing previous visits for that disease. If a visit for a disease occurs later than the clean period, then it defi nes the beginning of a new episode. The duration of clean periods was empirically and clinically reviewed and varies by disease.
Nonspecifi c initial diagnoses are relatively common in the billing of treatments of patients. For instance, an initial visit may be coded as abdominal pain but later be classifi ed as appendicitis. The MEG incorporates logic to link nonspecifi c diagnoses and costs to specifi c episodes. The linkage occurs The MEG incorporates drug claims into episode groups, even though drug claims themselves do not contain diagnostic information. The process of integrating pharmacy information into MEG begins with obtaining NDC information from Micromedex, a Thomson Reuters affiliate. Micromedex staff, made up of recognized pharmacological experts, map NDC codes from product package inserts to ICD-9-CM codes. This information is then reviewed by Thomson Reuters clinical and coding experts and mapped to MEG episode groups.
Construction of Episode-Based Disease Indexes
To construct episode-based disease indexes, we identifi ed all claims for patients residing in the three metropolitan areas. We processed this group of claims with the episode software and created a fi le containing all of the episodes of care. Less than ten episode groups computed by MEG were excluded because they represent a collection of disparate conditions. This group contains only a small dollar amount.
Because diseases with low incidence (for example, cancer and kidney failure) usually command a much higher expenditure share than population share, it is possible that expenditure-based indexes and population-based indexes are very different. The cost-of-living theory is based on the cost functions of the individual consumer, but disease incidence and medical care spending are very skewed, both across individuals and over time for any given individual. Disease selection based on expenditure share increases the chances that less common but more severe diseases are selected; thus, the sample of selected diseases will not be representative of a typical consumer's experience in a given year. For example, in 2002, 5.7 percent of the national medical expenditure went to the treatment of acute myocardial infarction, while only 0.2 percent of the national population had this disease. Therefore, it is interesting to contrast indexes based on expenditure weighting with those based on population weighting.
To investigate the differences between the expenditure-based price index and the population-based price index, we randomly selected forty episodes with probability in proportion to their direct medical expenditures and another forty episodes with probability in proportion to the frequency of their occurrence in the population. Both sets of episodes were selected with replacement. All sample selection was carried out independently in each metropolitan area using MarketScan 1998 data. Because there could be more than one episode of a specifi c type chosen in this random selection, for the conditions represented in the selected episodes, all episodes of the same type in the city were selected, and the inputs used in these episode types were identifi ed. For each selected episode, the volumes of inputs were updated at yearly intervals, and prices were estimated monthly from January 1999 to December 2002.
Appendixes B and C present the characteristics of the specifi c episode types that comprise the expenditure-based samples and the populationbased samples in each city. For the expenditure-based samples, acute myocardial infarction, angina pectoris chronic maintenance, type 2 diabetes, and osteoarthritis were selected in all three cities. Neoplasm (with different types) also showed up in all cities. Only three diseases were commonly selected into the population-based samples in all three cities: aneurysm, thoracic; asthma, chronic maintenance; and tibial, iliac, femoral, or popliteal artery disease. Again, different types of neoplasm were sampled in all cities.
Standard grouping methods were utilized to compute the inputs into each episode type. For inpatient stays, we examined DRGs. For physician services and hospital outpatient services, we used the Berenson-Eggers Type of Service codes (BETOS, a transformation of the CPT-4 codes) developed by the Center for Medicare and Medicaid Services. For prescription drugs, we used Red Book therapeutic classes. The motivating factor in the decision to use grouped data was the desire to examine the full range of services that might appear in the episode and the concern with the magnitude of the detail that would need to be captured. The more detailed data we use, the bigger the concern with adequate cell size for monthly reporting. That is, grouping helps avoid months with no observations on price for detailed inputs that are rarely used. As we use grouped data, however, we introduce the potential for month-to-month changes within the group service mix.
For each year t, we identifi ed all the inpatient discharges (DRGs), physician services (BETOS), and prescription drugs (therapeutic classes) used to treat episodes of care of each type in each city. This captures local variation in practice patterns that have been the subject of much discussion. Given the mix of inputs in year t -1, we captured monthly prices for each input in each city in year t and computed a Laspeyres index. We allowed the mix of inputs to vary from year to year to capture the substitution effect. Because the total number of episodes of a specifi c type could also differ from one year to another, we used the average volume of inputs for each episode type, which was the total volume of each DRG, BETOS, or therapeutic class, divided by the total number of episodes in that group.
The hospital prices driving the hospital index in each city were city-specifi c average prices in MarketScan. We were concerned that there would be a large number of months with no observation of a discharge in specifi c DRGs that occasionally appeared in the treatment episode. Our general strategy for months with no relevant observation on price was to assume that the price was the same as the last month with a valid observation.
We fi rst constructed component indexes for prescriptions, outpatient, and inpatient, and then we calculated their relative expenditure share within each episode as weight. The overall disease index was constructed as a weighted sum of these component indexes.
The expenditure shares that we calculated for experimental price indexes were different from those of BLS MCPI; in particular, the weight for prescription drugs was much smaller for the experimental price indexes than for the BLS index. The difference in the expenditure shares was much larger in New York City than in Philadelphia and Boston. For example, in 1999, the expenditure shares for inpatient and physician office visits were 71 percent and 28 percent in New York City for the experimental price index, while the corresponding shares were 40 percent and 44 percent for the BLS MCPI; the expenditure share of prescription drugs was around 16 percent for the BLS index but less than 1 percent for the experimental price index. The low share for prescription drugs could be explained by the following: (a) In the MarketScan database, drugs administered in hospitalizations are not recorded separately from other inpatient costs, which would lower the expenditure share for drugs and raise the expenditure share for hospitalizations. (b) The MEG grouper did not assign all prescription claims with an episode number. (c) The BLS drug weight comes from the Consumer Expenditure Survey (CEX), which includes individuals who are not insured and who are publicly insured; because the uninsured have a low inpatient utilization rate, their inpatient expenditure share might be extremely low and their drug share relatively high. (d) The CEX includes all prescription purchases, regardless of whether they are reimbursed, but the claims database only includes prescription purchases made by privately insured individuals that are reimbursed by health plans.
Bootstrapping Method
To decompose the differences between the episode-based price index and the BLS MCPI and to test their statistical signifi cance, we need to estimate the mean and standard errors from the original sample fi rst, and then use a parametric model (random walk with normal errors) to generate bootstrap samples. The standard error from the original sample was estimated using bootstrapping. In each month, we bootstrapped the ratio of the prices in that month and prices in the month prior to obtain the standard errors for prescription, outpatient, and inpatient separately. The monthly price change and standard error in Month 1 were set to one and zero, respectively. This section describes how bootstrapping was carried out for the cumulative indexes (across forty-eight months in 1999 to 2002) in this study.
Let I i,a,t be the month-to-month percentage change for index i, city a, and month t. The forty-eight-month cumulative index is
The individual I i,a,t is a mean with the variance of 2 i,a,t , which is the square of the standard error of the original sample. We assume a random walk with a drift, and the random variable is I i,a,t ϩ ε i,a,t , where ε i,a,t is drawn from N(0, 2 i,a,t ). 6 To bootstrap, we took 999 samples. For each sample b ϭ 1 to 999, we drew ε i,a,t from N(0, 2 i,a,t ) and added it to I i,a,t to get Iˆi ,a,t for t ϭ 1 to 48, which represents the forty-eight months from 1999 to 2002. This was done for prescription, outpatient, and inpatient services separately. The overall index was a weighted mean of these component indexes using their relative expenditure as weights R i,a . So, the overall index for each of the 999 samples became
We replicated each index one thousand times to obtain an estimate of variances for all MarketScan indexes. The BLS variances are the square of the BLS standard errors provided by the BLS. With the variances, we could calculate the difference between the claims-based index and the BLS index and its 95 percent confi dence intervals. If zero falls between the confi dence intervals, then the difference is not statistically signifi cant.
Results

Price Trends
The small-sample and large-sample indexes reported in fi gure 8.2 suggest a slower price increase than that suggested by the BLS city-specifi c medical care indexes over the period 1999 to 2002 (January 1999 ϭ 100). The BLS indexes presented in fi gure 8.2 include only drugs, physicians, and hospital services to be comparable with the experimental price indexes that we have calculated. Except in New York City, the BLS indexes are bimonthly, with the Boston index repriced in odd months and the Philadelphia index repriced in even months.
In Philadelphia, the trends of large-sample and small-sample prices are very similar, and both are below the BLS trend most of the time; in Boston, the small-sample index presents a much larger price variation in 2001 and early 2002 than the large-sample index, and in most of the months, the small-sample index is above the BLS index, while the large-sample index is below the BLS index. In New York City, the trends of large-sample and small-sample prices are very similar, and both are below or above the BLS trend in about the same months: from the end of 1999 to mid-2001, both large-sample and small-sample indexes show a price decrease and are well 6. This assumption is similar to those often used in modeling of fi nancial asset prices.
Fig. 8.2 Large-sample index vs. small-sample index vs. BLS index: A, Philadelphia; B, Boston; C, New York City
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Can A Disease-Based Price Index Improve the Estimation of the Medical CPI? 341 below the BLS trend. As the sample sizes for the small sample are quite limited, the price variation we have found might just be random.
The episode-based indexes reported in fi gure 8.3 demonstrate that between January 1999 and December 2002, the cost of treatment has declined in all three cities for all indexes, except the population-based index in Philadelphia, which has risen, but much less than the corresponding BLS index. In fact, the correlation between the BLS index levels and the expenditurebased episode index levels is -0.68 in Boston, -0.57 in New York City, and -0.03 in Philadelphia, and the correlation between the BLS index levels and the population-based episode index levels is -0.06, -0.19, and 0.11, respectively.
As expected, the expenditure-based and population-based indexes present a different, although not statistically signifi cant, price trend. In general, the expenditure-based index is lower than the population-based index in Philadelphia and Boston but is higher in New York City. In spite of these differences, these two indexes do give the three cities the same rank when considering the relative magnitude of the cumulative price changes from 1999 to 2002: New York City experiences the largest price decline, and Philadelphia sees the smallest price decline (expenditure-based index) or even a price increase (population-based index).
Overall, episode-based indexes fl uctuate much more than the BLS MCPI, and one of the reasons is that we allowed the mix of inputs of treatment to change from year to year. Because the volume of inputs was updated in January of each year, the largest price jump usually occurs between December and January. Song et al. (2004) provide a close look at the mix of inputs of treating two specifi c episodes of angina pectoris with chronic maintenance and malignant neoplasm of female breast. We fi nd that it is the change in volumes, not in prices, that produces such a dramatic jump.
To examine the statistical signifi cance of the differences between the BLS index and the experimental price indexes, we bootstrapped their forty-eightmonth cumulative changes and standard errors, as discussed in section 8.4.3. Tables 8.1 and 8.2 present the month-to-month percentage changes and estimated standard errors of the large-sample index, small-sample index, BLS MCPI, expenditure-based disease index, and population-based disease index in each city. Based on these statistics, we derived the forty-eight-month cumulative change for each index, their differences, and the lower and upper bound of the 95 percent confi dence intervals of these differences.
The comparison of disease indexes for expenditure-based episodes and population-based episodes is reported in table 8.3. 7 From January 1999 to December 2002, we found a consistent decrease in the overall episode-based index in Boston and New York City: -8 percent in Boston and -10 percent in New York City for expenditure-based episodes, and -9 percent and -16 percent for population-based episodes. In both cases, New York City experiences a much larger price decline than Boston. The expenditure-based index and population-based index display an opposite trend in Philadelphia: the former has dropped by 4 percent, while the latter has gone up by 8 percent.
The component indexes are not consistent across cities, either. In fact, the expenditure-based and population-based indexes often show an opposite trend. Both the expenditure-based index and the population-based index have moved in the same direction for prescription drug prices: they have gone up in Philadelphia and Boston but have gone down in New York City. In fact, the prescription price index has gone up by 97 percent in Philadelphia and 10 percent in Boston, but it has dropped by 39 percent in New York City for the expenditure-based episodes. The outpatient prices have increased in Boston and decreased in New York City for both expenditurebased and population-based episodes; in Philadelphia, it has gone up for the expenditure-based episodes but dropped for the population-based episodes. The inpatient index has dropped in all cases, except for population-based episodes in Philadelphia. It is difficult to know what factors might explain the differences between the cities. Part of the story could relate to the size of the claims database in each city; for example, Boston constitutes the largest Note: "SE" ϭ standard errors; "RX" ϭ prescriptions; "OP" ϭ outpatient treatment; "IP" ϭ inpatient treatment; "CI" ϭ confi dence interval.
of the three city samples in MarketScan but is the smallest of the three BLS PSUs. Discrepancy in the health delivery systems in the three cities could be another potential explanation. Despite the different trends that expenditure-based and population-based indexes demonstrated in some cases, we found that there is no signifi cant difference between these two disease indexes. For all three cities, zero falls inside the 95 percent confi dence intervals of the differences for the overall index, as well as all component indexes.
Decomposition Analysis
An initial look at the monthly index difference showed no statistical signifi cance at the monthly level, so we examined the cumulative forty-eightmonth indexes from 1999 to 2002. Three potential sources could contribute to the difference between the forty-eight-month cumulative BLS index and disease index: different index construction methods, different sample sizes, and different price distributions. To identify the importance of these sources, we decomposed the difference according to the following formula:
That is, TotalDifference ϭ Method ϩ SampleSize ϩ DifferentPrice-Distributions, where m,y ϭ index month and year, DPIMDT ϭ the disease index generated with claims data, MPIBLS ϭ the BLS Medical CPI index with BLS data, MPIMDTL ϭ the large-sample BLS CPI index with claims data, and MPIMDTS ϭ the BLS CPI index with claims data using BLS sample sizes. Table 8 .4 reports the differences in the forty-eight-month cumulative changes between the expenditure-based disease index, the BLS index, the large-sample index, and the small-sample index. From January 1999 to December 2002, the BLS index shows a 38 percent increase in Philadelphia, a 23 percent increase in Boston, and a 7 percent increase in New York City, while our expenditure-based disease index presents a consistent decline in Philadelphia (-4 percent), Boston (-8 percent), and New York City (-10 percent).
The differences between the overall expenditure-based disease index and the BLS MCPI are -42 percent, -31 percent, and -17 percent in Philadelphia, Boston, and New York City, respectively, but only the -31 percent is statistically different from zero. Most episode-based component indexes are not signifi cantly different from the BLS medical component indexes, either. In fact, the only signifi cant difference is the difference in the inpatient index in Boston and the difference in the prescription index in New York City.
In sum, the decomposition results suggest that differences between the Note: Numbers in bold are signifi cantly different from 0. "SE" ϭ standard errors; "RX" ϭ prescriptions; "OP" ϭ outpatient treatment; "IP" ϭ inpatient treatment; "CI" ϭ confi dence interval. large-and small-sample indexes are never signifi cant, which is not a surprise, as the large sample and the small sample were both drawn from the same MarketScan population data fi le. The majority of differences due to methods and the majority of differences due to price distributions are not signifi cant, either. However, it is important to keep in mind that because the city-specifi c indexes are measured with only limited precision, the differences between the methods may refl ect random differences. In addition to differences in sample sizes, methods, and price distributions, another reason for the difference in the all-item indexes is the different relative weighting of prescription drugs, as we have discussed.
Summary and Discussion
The fi ndings reported here suggest that using medical claims data to measure price changes in health care based on episodes of care is feasible, although claims data alone are not sufficient to replace the current medical CPI.
To summarize the fi nding from this study, the analysis of trends in treatment costs for a randomly selected set of diseases yields a different picture than the BLS overall medical care price index. Where the current methods indicate consistent price increases over time, the disease-based indexes suggest that treatment prices (i.e., cost for an episode of care) have dropped in Philadelphia, Boston, and New York City during 1999 to 2002. These results on the trends in treatment costs are similar to a generalized version of the fi ndings in cataract surgery, depression, and acute myocardial infarction as reported by Berndt, Cockburn, and Griliches (1996) , Berndt et al. (2002) , Busch, Berndt, and Frank (2001) , Cutler, McClellan, and Newhouse (1998, 1999) , and Shapiro, Shapiro, and Wilcox (2001) . In addition, in this case, the fi nding of a substantially different trend in price change is for forty diagnoses randomly selected from a sampling frame that contains virtually all potential diagnoses. However, despite the different trends, the forty-eightmonth cumulative changes of the expenditure-based disease index and the BLS index are not signifi cantly different from each other in Philadelphia or New York City.
The results we have obtained suggest that the disease-based index may measure the real price changes better than the current MCPI, because the disease index allows for the substitution effect among treatment inputs. The percentages of the total expenditures on prescriptions, outpatient, and inpatient treatment of the forty randomly selected expenditure-based episodes have changed considerably in all three cities during 1999 to 2002. In Philadelphia, the share of prescription expenditure went up from 2.1 percent in January 1999 to 4.6 percent in December 2002, the share of outpatient expenditure increased from 16.9 percent to 34.1 percent, and the inpatient expenditure share dropped from 81.0 percent to 61.4 percent. In Boston, these expenditure shares were 3.6 percent, 22.7 percent, and 73.7 percent in January 1999 and became 4.4 percent, 34.6 percent, and 61.0 percent in December 2002. In New York City, the outpatient expenditure share rose from 28.4 percent to 34.4 percent, the hospitalization share dropped from 71.0 percent to 65.2 percent, and the prescription share decreased slightly from 0.6 percent to 0.4 percent. A similar pattern was also observed for population-based episodes over the same time period. Overall, the treatment pattern of disease episodes seems to move away from inpatient hospitalizations to outpatient settings.
It is important to note that all results presented in this chapter are based on raw payments in the claims database, which could help explain the large variance we observed in claims data indexes. To avoid the small-sample issues with hospital stays and procedures, one could use the nationwide database and a two-level random-effect model to produce a Bayes estimate of the monthly payment for each DRG and BETOS at the city level. Song et al. (2004) report disease indexes that are constructed using Bayes-estimated prices for BETOS and DRGs for the same two sets of forty episodes. The overall trend of payments is determined from the overall MarketScan trend, and an adjustment is made to the intercept of each city. Indexes based on Bayes-estimated prices present a more consistent trend and reveal less fl uctuation than indexes based on raw payments. However, depending on how big a value should be placed on consistency, it is not clear whether the addition of analytic complexity is worth the computational burden for the BLS.
The sampling method taken in this chapter selected drugs, physician office visits, hospitals, and disease episodes using probability in proportion to size with replacement, as the BLS does for the MCPI. However, sampling without replacement is more efficient than sampling with replacement (Foreman 1991) . A further advantage to sampling without replacement is that the episode groupers can be randomly ordered within a body system, and then the body systems can be randomly ordered in the MEG list. This would cause the sample of episodes to be implicitly stratifi ed by body systems, ensuring that the sample of episodes tended to be representative of the various body systems, so there is no chance of selecting only metabolic diseases, for example. We could select diseases from each body system in proportion to the expenditures or frequency of occurrence for treatment of that body system.
Disease-based price indexes rely heavily on MEG in this study. In addition to MEG, there exist several other proprietary episode grouper software products. Rosen and Mayer-Oakes (1999) compared four such episode groupers based on characteristics such as purpose, case-mix adjustment, comprehensiveness, and clinical fl exibility. Although it would be interesting to see whether different episode groupers would generate different trends in treatment costs, we believe that correcting the information technology failure in the medical market is more important in the calculation of the cost of episode care using claims databases than trying to choose the best episode grouper. The current medical record-keeping system does not adequately keep track of all the inputs that are used to treat a patient disease or patient episode. The lack of sufficient record-keeping and the existence of incomplete claims are two examples of the information technology failure. For instance, in the Medical Expenditure Panel Survey 2003 data, about 8 percent of medical expenditures were due to orphan records (i.e., records with a dollar amount for the use of a service but no diagnoses). In each year of 1998 to 2003, orphan records had the highest expenditure share. No episode grouper can correctly bundle orphan records into a particular disease. We do not think we can generate any type of accurate price index from claims data until this information technology failure is corrected. To achieve this, all physicians, public insurers, and private insurers must be responsible for maintaining an audited record-keeping system that is consistently updated for the inputs used to treat diseases, for corrections or changes in diagnosis, and for an established beginning and end date established by the physician for every acute disease.
In addition to the information technology failure, there are four limitations in using claims data to generate a medical CPI. One limitation of the price index developed in this study is that it does not include health insurance premiums. A true CPI needs to account for the role of health insurance, because it represents a major medical purchase for most consumers. Unfortunately, information on health insurance premiums and characteristics is not available in a medical claims database. Secondly, it is important to point out that all indexes constructed in this study are indexes only for those covered by health plans in the United States. We did not estimate price indexes for the uninsured population, who may face different incidence of diseases, and who, for a particular disease, may consume different inputs. A third limitation of using the claims data set is that treating a disease may require more types of inputs than those reimbursed by an insurer. For example, over-the-counter medicines may play an important role, and products such as sunscreen, gym memberships, and dental fl oss are often used to prevent disease and should be considered as part of the mix of goods used to stay healthy. Finally, whether the insured people in a claims database are representative of the whole privately insured population in the United States remains to be seen. Thus, a medical CPI cannot be generated solely on claims databases. 
Appendix A Analytic File Construction for BLS MCPI Replication Analysis
The analytic fi le was built from the MarketScan databases, following the steps summarized below.
1. Using the fi rst three digits of providers' ZIP codes, we selected all inpatient admissions, inpatient services, outpatient services, and pharmacy claims for the following metropolitan areas from the Commercial and Medicare Databases between January 1, 1998, and December 31, 2002 : New York City (A109), Philadelphia (A102), and Boston (A103).
2. We combined the resulting data sets from the Commercial and Medicare Databases.
3. To sample pharmacies, we randomly selected a given number of pharmacy IDs in proportion to their expenditure share within a city. Because MarketScan databases do not record the annual expenditure of any pharmacy, we summed up all payment to a given pharmacy in a year recorded in MarketScan to calculate the probability of selecting that pharmacy. The computed total payment to a pharmacy could differ from its actual annual revenue, as some large pharmacies may have a small number of patients in MarketScan databases.
4. For each selected pharmacy ID, we randomly selected one NDC in proportion to its expenditure share within that pharmacy at yearly intervals. All drugs and medical supplies dispensed by prescription, including prescription-dispensed over-the-counter drugs, were included in this random selection. Inpatient hospital prescriptions and prescriptions paid by Medicaid or worker's compensation were ineligible for the medical price index. For each NDC selected, both the insurance reimbursement and the patient co-pay, if any, were included to arrive at the total reimbursement for that prescription.
5. Hospitals that are owned and operated by health maintenance organizations (HMOs) should be excluded, because they are not eligible for CPI pricing; but because hospital ownership is not included in the MarketScan databases, these hospitals cannot be identifi ed directly. Instead, we excluded all services that are paid by the capitation method, and by default, these hospitals were excluded from our sample.
6. We relied on the provider type variable (STDPROV) to exclude ophthalmologists, dentists, podiatrists, and other medical practitioners who are not medical doctors or osteopaths from our sample, because they are not eligible for medical price indexes. We also excluded services reimbursed by capitation.
7. To calculate physician indexes, we fi rst randomly selected a given number of physicians in proportion to their expenditure share within a city, and then we randomly selected one CPT in proportion to its expenditure share for that physician. As MarketScan databases do not record the annual revenue of any physician, we summed up all payment to a given physician in a year recorded in MarketScan to calculate the probability of selecting that physician. It is important to note that the computed total payment to a physician could differ from his or her actual annual revenue.
8. MarketScan outpatient services database does not contain the same hospital ID that is contained in the inpatient admissions and inpatient services databases; therefore, we could not link inpatient stays and outpatient visits that occur within the same hospital. We used hospital IDs (UNIHOSP) in the inpatient data sets to identify hospitals, and we used provider IDs (PROVID) in the outpatient data set to identify hospitals. 9. To sample a given number of hospitals for the hospital indexes, we randomly selected the same number of hospitals in proportion to their expenditure share within a city. As MarketScan databases do not record the annual revenue of any hospital, we summed up all payment to a given hospital in a year recorded in MarketScan to calculate the probability of choosing that hospital. It is important to note that the computed total payment to a hospital could differ from its actual annual revenue, as some large hospitals may have a small number of patients in MarketScan database.
10. For each selected hospital ID, we randomly chose one hospital stay in proportion to its expenditure share within all inpatient hospital stays; for each selected provider ID, we randomly selected one outpatient visit in proportion to its expenditure share within all outpatient services in that hospital. Thus, for each hospital ID, we selected one inpatient stay; for each provider ID, we selected one outpatient visit. All random selection occurred at yearly intervals. Hospital outpatient services were identifi ed using the place of service variable (STDPLAC). 11. We calculated the fi nal reimbursements for each selected NDC, CPT, and hospital stay/ visit in each month. The PAY variable in MarketScan measures total payment reimbursed from all sources. 
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